Wildfires in Mediterranean regions have become a serious problem, and it is currently the main cause of forest loss. Numerous prediction methods have been applied worldwide to estimate future fire activity and area burned in order to provide a stable basis for future allocation of fire-fighting resources. The present study investigated the performance of an artificial neural network (ANN) in burned area size prediction and to assess the evolution of future wildfires and the area concerned under climate change in southern Spain. The study area comprised 39.41 km 2 of land burned from 2000 to 2014. ANNs were used in two subsequential phases: classifying the size of the wildfires and predicting the burned surface for fires larger than 30,000 m 2 . Matrix of confusion and 10-fold cross-validations were used to evaluate ANN classification and mean absolute deviation, root mean square error, mean absolute percent error and bias, which were the metrics used for burned area prediction. The success rate achieved was above 60-70% depending on the zone. An average temperature increase of 3 • C and a 20% increase in wind speed during 2071-2100 results in a significant increase of the number of fires, up to triple the current figure, resulting in seven times the average yearly burned surface depending on the zone and the climate change scenario.
Introduction
A wildfire is a fire that spreads without control in forest land [1] , where it consumes plant-based biofuels. Fire is an important issue in many forests [2] and has a great influence on forest ecosystems [3] , the economic role of forests [4] , and human life and health [5] [6] [7] [8] . Its spread depends on climatic conditions, area, topography, vegetation, infrastructure proximity, etc., and its behavior largely varies with forest landscapes [9] . Furthermore, the prediction of the size of a fire is especially important in the allocation of resources for each fire [10] . Fire in Mediterranean regions has become a serious problem in the last three decades, and it is nowadays the main cause of forest loss with an average loss of 5000 km 2 per year [11] . Indeed, San-Miguel-Ayanz et al. [12] [13] [14] have significant knowledge in the analysis, monitoring, and impacts of fire activity in the Mediterranean region. The necessary elements for a fire to occur are known as the "fire triangle" [15, 16] . In the simplest form, these elements are fuel, oxygen, and heat. A fire occurs when these features are combined in adequate proportions. Once the fire has started the "fire behavior triangle", which comprises fuel, topography, and weather, determines how a wildfire behaves. Moreover, concerning forest fires, there are multi-scale triangles where the dominant factors that influence the control of fire behavior depend on the space and time scales considered [17] . Indeed, fire activity is strongly influenced by four factors: weather/climate, fuel, ignition agents, and humans [18] [19] [20] . Anthropogenic activity is responsible for more than 80% of wildfires in Spain [21] . In fact, the increase in fire numbers from the second half of the 1600s represents an increase in anthropogenic fires [22] with a double contribution: as land use/land change drivers and as cause of fire ignition [23] .
The presence of people [24] combined with certain climate conditions determine the ease of wildfire ignition [25] . Climate is a dynamic element, and it has recently been warming due to an increase of greenhouse gases as a result of human activities [26] . This climate change, which is modeled by general circulation models (GCMs), may result in a profound impact on wildfires all over the world [27] . Hence a fire prediction model would make the use and distribution of fire equipment resources more efficient relative to the difficulty of the uncertainty related to human behavior. The ability to predict area burned is crucial to mitigating the immediate and far-reaching consequences of wildfires [28] . Mathematical models have been commonly used in fire prevention, but predictive techniques allow fire prevention authorities to assess the probability of forest fires in the fastest and most effective way [28] . Furthermore, short-or long-term time scales in forest fire risk models can be devised. Long-term models focus on environmental structural characteristics with low variations over time and with higher utility at preventing fires. Most previous research has been focused on changes in fire activity according to climate change [20, [29] [30] [31] . These works indicated that there will be a high increase of fire activity with significant variations at the local scale without changes or even a decrease in fire severity and the number of fires [32, 33] .
Numerous methods have been applied in order to estimate future fire activity and area burned such as models using dynamic vegetation, landscape fire models [34, 35] , or relationships between historical area burned and weather [33, 36, 37] . Dickson et al. [38] focused their research on wildfires greater than 0.2 km 2 using Bayesian network analysis and concluded that the occurrence of forest fires was highly correlated with highland mountain zones and low road density. Chou et al. [39] used logistic regression in California using topographic, land-use, and infrastructure location data. Likewise, Cardille et al. [40] and Syphard et al. [41] distinguished between logistic or Poisson regression if the objective was fire probability or number of fires, respectively. Catry et al. [42] also separately used logistic regression in Portugal in fires of more than 5 km 2 , concluding that these wildfires are more likely to occur in low populated and far-away places. In the last decades, there have also been many studies of wildfires in Spain. For instance, Gallardo et al. [43] used the logistic regression analysis to quantify changes in future fire occurrence due to future land use/land cover variations, Marcos et al. [44] and Turco et al. [29] explored the prediction of summer wildfires by developing a multiple linear regression model, Martin et al. [45] employed the maximum entropy algorithm to analyze the intra-annual dimension of fire occurrence, Ríos Pena et al. [46] explored the use of binary structured additive regression for prediction of wildfires, and Rodrígues et al. [47] assessed the spatial-temporal changes in the contribution of wildfire drivers using geographically weighted logistic regression models. Concerning artificial intelligence techniques, Vasconcelos et al. [48] obtained better results using an artificial neural network (ANN) than logistic regression. Indeed, in recent years computational intelligence models have often been used to perform forest fire prediction [10] . Iliadis [49] created software using fuzzy logic for the prediction of fire risk in Greece. Cheng and Wang [50, 51] used data-mining techniques and an ANN to estimate the burned area in Canada. Cortez and Morais [52] estimated forest fire loss in Portugal using multivariate regression, decision trees, random forest, an ANN, and a support vector machine (SVM), obtaining the best results with SVM. Castelli et al. [28] used genetic programming in Portugal, too. Sakr and Elhajj [53] also applied an ANN and an SVM in Lebanon using only humidity and precipitation as inputs. Özbayoglu and Bozer [10] investigated the size of a fire after its first breakout through an ANN, radial basis function networks, an SVM and fuzzy logic. The ANN model with humidity and wind speed as inputs, and three clusters (small, medium, and big fires) proved to be the best model. Bisquert et al. [54] compared an ANN model and logistic regression to assess forest fire danger. Their results showed good achievements by the ANN technique. Similar results were obtained by Goldarag et al. [55] and Maeda et al. [56] , who employed ANNs to identify high forest fire risks in Iran and Brazil, respectively. Satir et al. [57] employed an ANN in a Mediterranean forest ecosystem in Turkey with a coefficient of accuracy of 0.83. This paper investigated the performance of an ANN in burned area size prediction in a semi-arid region in the south-east of Spain and to assess future evolution of big fires in the area concerned under two climate change scenarios. The contents of the paper are structured as follows: data, study area and methodology are shown in Section 2. Section 3 presents results, which are discussed in Section 4. Finally, Section 5 highlights the main conclusions. This work complements a previous study carried out by Pérez-Sánchez et al. [58] where fire weather indices were assessed in the study area.
Materials and Methods

Data
Study Area
The study area (Murcia) is in southern Spain ( Figure 1 ) and has an area of 11,314 km 2 . Elevations vary between 0 and 2027 meters above sea level, though 81% of the entire surface is below 1000 m. There is a Mediterranean climate characterized by mild winter, warm and dry summer, and irregular equinoctial rainfall. Annual average precipitation is around 300 mm/year. Temperatures in summer can reach 40-45 • C, resulting, along with spring, in the main seasons for forest fires in the region. Concerning forest management, four zones have been delimitated by regional and national agencies according to ecologic, socioeconomic, administrative, and physiographic features. Vegetation (Figure 1 ) is highly influenced by climate. A total of 12% of the surface is used for irrigation cultivation, 40% is used for dry farming, and 48% is occupied by forest, mainly pine forests alternated with scrub, bush, and grassland in proportions greater than 20%, especially in coastal areas. A more accurate description can be seen in the work of Pérez-Sánchez et al. [58] .
Wildfire Records
The wildfire database comprises 15 years (2000-2014) and was established by the Forest Authority of Murcia in 2000. The database includes day and hour of the wildfire, location, burned area, causes (real and presumed), type of vegetation, previous wildfires in the area, and relationships with soil conditions. In the 2000-2014 period, 2694 forest fires were recorded in the region with a total burned area of 39.41 km 2 . Table 1 shows the main characteristics of the wildfires in the region in the studied period (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) (2013) (2014) . More than 75% of the burned surface is located only in forest areas, as can be seen in Figure 1 . Although the surface of all zones is between 2500 and 3500 km 2 , the number of wildfires and burned area varies widely depending on the zone itself and its geographical, climatic, and ecological characteristics more than its extension. Zone 4 has the lowest number of fires of the region (20.49%) but, on the contrary, its burned area in the studied period is the highest (45.18%), since the mean ratio of m 2 per fire is 32,261 m 2 /fire versus the 6327 m 2 /fire of Zone 1, which has the highest amount of fires (43.28%). Furthermore, despite Zones 2 and 3 having similar surfaces (2378.50 and 2439.53 km 2 , respectively) and similar numbers of wildfires (614 and 661, respectively), the burned area in Zone 2 is nearly triple that of Zone 3 (26.64% and 9.46%, respectively). All zones show similar values for 50th, 75th and 95th percentiles (around 1000, 5000, and 20,000 m 2 , respectively) except Zone 4 where the burned area in the studied period is significantly higher than the rest of the region. Concerning the size of the fires, although more than 94% of fires in all zones were below 30,000 m 2 of burned area (histogram in Figure 1 ), the remaining 6% of fires accounted for almost 80% of the total burned area in the region in the studied period. This fact clearly points to the importance of big fires in the forest ecosystems and their subsistence and whose impacts transcend the damage and degradation of ecosystems and material properties, especially in semiarid regions [58] .
Weather Stations
The present study is mainly based on meteorological factors and indices related to them. The data used in this study come from 39 weather stations ( Figure 1 ) operated by the Murcian Institute of Agricultural Research and Development and Food. Each station comprises a database with records of daily rainfall (mm), temperatures ( • C), relative humidity (%), and wind speed (m/s) during the 2000-2014 period. Annual precipitation in the region is on average 270 mm, average relative humidity ranges between 60% and 70%, and the average temperature varies between 13 • C in the northwest and the 18 • C in the southeast. These values are higher than in the rest of the region in Zone 4, especially in spring and summer favoring wildfires, which is also due to the scarcity of rainfall events. Wind speed depends on altitude, and the highest values are reached on mountain range peaks.
A combination of the Global Climate Model (GCM) EC-EARTH and the Regional Climate Model (RCM) HIRHAM5 was downloaded from the EURO-CORDEX initiative [59] to simulate future scenarios and to assess climate change consequences in the region for the period 2071-2100 under two different representative concentration pathway (RCP) emission scenarios (RCP4.5 and RCP8.5). These scenarios assume pathways to different target radiative forcing at the end of the 21st century [59] . For example, scenario RCP4.5 figures that an increase in radiative forcing of 4.5 W/m 2 can be produced by the end of the century relative to preindustrial conditions. Senent-Aparicio et al. [60] applied the Fuzzy TOPSIS technique to rank a set of nine GCM-RCM combinations in the study area, obtaining that the combination of EC-EARTH and HIRHAM5 provides a good fit to the observed meteorological variables during the control period. A bias correction technique based on distribution mapping of variables was applied to the downscaled data to increase the accuracy of the results. This process adjusts the cumulative distribution function of the forecasts to the observed one by applying mapping functions between the corresponding quantiles. We used the R free software and the contributed package "qmap" [61] , which can be obtained from the R project website.
Fire Weather Indices
Previous studies [46] have demonstrated that the Forest Weather Index (FWI) [62, 63] appears to be the most suitable index in a semiarid region. Furthermore, the Angström Index (AI) [64] can identify fire-danger warnings in the driest and highest temperature areas. Thus, both indices have been taken into account in the present research.
AI only considers temperature and relative humidity, whereas FWI [65] takes into account weather conditions and their relationships with soil moisture and fire activity. Regarding the period, AI considers a one day-period whereas FWI is accumulative and considers longer periods depending on the previous index values. Concerning the fire occurrence, the lower the value of AI, the higher the probability of fire occurrence, especially for AI < 2; on the contrary, the higher the value of FWI, the more likely a wildfire is to occur, especially when FWI > 16. As it can be seen in Figure 2 , despite FWI being the most suitable index to predict a fire day in the study area, the index itself does not show a clear pattern related to burned area, though its minimum values usually match with the years of smallest burned area. However, the further southeast the area is (Zones 3 and 4), the higher the FWI is, on average, on a fire day (around 25). AI seems to be more stable and its range remains around 3.5 in the studied period, with relative maximums on non-fire days, but it is not able to detect the burned area extension by itself. Nevertheless, both indices were taken into account combined with weather, temporal, and geographical variables in the present study due to their suitability in fire day prediction.
Package "fireDanger" [66] [67] [68] from the R statistical software [69] was used in the calculation of FWI and AI for both 2000-2014 and 2071-2100 periods. 
Methods
As stated above, this paper investigated the performance of an ANN in burned area size prediction to assess future evolution of fires under climate change conditions. Figure 3 summarizes the proposed methodology. The first step was to establish a fire size threshold to assess the broken up burned surfaces and classify them according their burned area. Daily rainfall (P), average temperature (T), relative humidity (H), and wind speed (V) were evaluated daily for all the wildfires during the 2000-2014 period using the Kriging method. Likewise, FWI and AI were assessed for all the fire record datasets. The fire size threshold to differentiate homogeneous classes was established as 30,000 m 2 using a cluster analysis with the previous variables and the coordinates of the wildfire (X, Y Z), the month of the year (M), and the type of vegetation. The goals of the second step were, for the two RCPs in the 2071-2100 period: (1) to determine the day and location of a wildfire in the future depending on the FWI and AI indices obtained, (2) to classify the detected wildfires according to the threshold of 30,000 m 2 and (3) to predict the size or burned surface for wildfires larger than 30,000 m 2 . The latter two stages were performed with ANN. 
Database
Initially, and with the goal of considering the maximum of the meteorological variables in the study, P, T, H, and V were evaluated daily for all the wildfires during the 2000-2014 period. Although spring and summer were the seasons with the highest number of big wildfires in the 2000-2014 period, data for the entire year were used in this study to analyze future variations in the risk period of forest fires. The Kriging technique [70, 71] was applied to obtain these values for fire days in forest fire locations. The Kriging method performs better than non-geostatistical methods [72] and has strong theoretical support [70] . Ordinary Kriging and a hypothetical spherical variogram [73] were used with ArcMap 10.2 [74] in this study.
Thus, the database used for this study for each of the four zones is comprised by the variables shown in Table 2 . 
Cluster Analysis
After selecting the input variables, a non-hierarchical cluster analysis was performed in order to obtain the centroids of the most homogeneous groups of fire events in each zone and to assess the broken up burned surfaces to classify them according their burned area. The k-means algorithm [75] was used due the possibility of assigning objects to a user-defined number of clusters (k) in such a way as to minimize the sum of intra-cluster distances between the object and the centroid of its cluster. The k value was assessed for clusters of three, four, and five objects, and the results are shown in Table 3 . Centroids obtained establish different thresholds depending on the burned surface (among other factors) and number of fires related to each zone. Thus, due to higher mean and maximum burned areas in Zones 2 and 4 (Table 1) than Zones 1 and 3, the former zones have higher values for all the clusters, especially the highest ones. Nevertheless, the lowest categories are all fairly similar. The first two centroids' values are around 2000-8000 m 2 and 25,000-40,000 m 2 , respectively, which is not found in the rest of them. In view of the results, fires were divided into two main categories, big fires and small fires, and 30,000 m 2 of burned area in a single fire was considered as the threshold of classification. This classification is in line with the recommendations of the now-defunct Institute for the Preservation of Nature of Spain [76] , which established 50,000 m 2 as the threshold to differentiate large or small fires. Actually, despite the large number of wildfires in Spain in the last decades, only a small number of cases, the "huge fires" [77] , are responsible for the majority of losses. Likewise, recent Spanish studies [29, 78] propose similar classes to obtain homogenous series [29] . Moreover, in the studied region, as can be seen in Table 1 , fires larger than 30,000 m 2 covered nearly 80% of the total burned area in the region during the studied period, and their prediction and evolution was therefore the goal of this study.
Artificial Neural Network (ANN)
An ANN is a computational method based on the behavior of the human brain, mainly the nervous system and its connections. It therefore creates artificial models or patterns which deal with problems difficult to solve using conventional algorithm techniques. ANNs are considered nonlinear statistical data tools that can learn, memorize, and disclose the different relations in data. They model complex relationships between input and output data of an area regardless of the physical features involved. They consist of a group of units called neurons that are connected each other through several links to transmit signals. The multilayer perceptron [79] is one of the simplest and most commonly used architectures in ANNs in data analysis [80] , and it was used in the current study. This model consists of several computational layers interconnected to each other where each artificial neuron (or perceptron) is directly connected to each one of the adjacent layer ( Figure 4) . The input data are introduced into the network through the neurons of the input layer. The hidden layers comprise neurons whose inputs come from previous layers and whose outputs go to subsequent layers. Finally, the output layer provides the outputs for the given inputs. All neurons have a bias weight. Except for the input nodes, where the information is only processed, each neural network uses as an activation function a sigmoidal function in hidden layers and a softmax function or lineal function in the output layers. The mathematical expression of a neuron is given as Equation (1):
where y is the output of a neuron j, f is an activation function, xi is an input of the vector of inputs (i = 1, 2,..., N), ωi is the weight associated with the connection link through which the input xi arrives to current neuron j from a neuron in the preceding layer, and bj is a bias associated with neuron j.
The training process consists of varying weights and biases on the basis of the given inputs and aims based on the performance measure. This study used an ANN for two purposes and subsequential phases. The first phase was to classify the size of the wildfires, distinguishing between big fires (more than 30,000 m 2 ) and small fires, which do not exceed 30,000 m 2 of burned area in a single wildfire. In the second phase, once wildfires were classified according to the burned area, an ANN was used to predict the burned surface for only big fires, since they account for more than 80% of the burned area in the region. Both phases consisted of three stages required for ANNs: training, validation, and testing. The aim of network training is for the ANN to be capable of reproducing the behavior of input data predicting relationships not found before by minimizing an error function. Different types of learning algorithms are used for the training stage. In this study, a backpropagation algorithm was used to train. The output errors between the output and actual target (observed data) are repeatedly propagated backwards through the network to modify weights and bias parameters. The training stage is finished when the error on the validation dataset is near minimum. The superiority of the Levenberg-Marquardt (LM) algorithm [81, 82] has clearly been shown in different studies [83, 84] . Therefore, LM is usually the fastest backpropagation algorithm. Different types and numbers of inputs (within the variables in Table 2 ) were employed in the ANN to estimate outputs in each phase.
Most learning systems are not prepared to cope with unbalanced data such as shown in Table 1 for the uneven distribution of burned areas, and various methods have been proposed. Over-and under-sampling methodologies have been extensively discussed to assess the effect of imbalanced datasets [85] [86] [87] [88] . Various studies have brought to light the usefulness of oversampling versus under-sampling [87, 89, 90] . In this study, the function ubOver from the package 'unbalanced' [91] from the R statistical software [69] was used. It replicates randomly some instances from the minority class in order to obtain a final dataset with the same number of instances from the two classes.
ANN Classification Performance Evaluation Methods
Four methods were used for performance evaluation in ANN classification of big and small fires (larger or smaller than 30,000 m 2 burned area, respectively): classification accuracy, analysis of sensitivity and specificity, confusion matrix, and k-fold cross-validation.
•
Classification accuracy
The classification accuracies for the datasets are evaluated using Equation (2):
where T is the test set, t ∈ T, ti is the class of item t, and classify(t) returns the classification of t by ANN classifier.
Sensitivity and specificity
Sensitivity and specificity analysis are shown in Equations (3) and (4), respectively:
where TP, TN, FP, and FN are true positives, true negatives, false positives, and false negatives, respectively.
•
Confusion matrix
The confusion matrix [92] matches the predicted and actual values and was selected as a measure of goodness-of-fit for the first phase of distinguishing wildfires larger and smaller than 30,000 m 2 . A confusion matrix of class n is a matrix of size n × n where the rows are named according to real classes and the columns according to predicted classes. Table 4 shows a confusion matrix for n = 2, where a, b, c, and d are the numbers of real negative predictions, false positive predictions, false negative predictions, and correct positive predictions, respectively. • k-fold cross-validation k-fold cross-validation divides the dataset randomly into k subsets of the same size. Each time, k − 1 subsets are used in the training set and the remaining k subset is used as the test set. The process is repeated k times with each of the k subsets, using a different subset as test set in each iteration. This process generates k estimations of the error test whose average is computed as the single estimation, using all observations for both training and calibration phases and each observation is used for validation only once. A 10-fold cross-validation is often used [93] .
ANN Burned Area Prediction Metrics
The models obtained for prediction of burned areas in big wildfires (larger than 30,000 m 2 ) for each zone were analyzed using four error metrics based on the deviation from target for the actual burned area: mean absolute deviation (MAE) (Equation (5)), root mean square error (RMSE) (Equation (6)), mean absolute percent error (MAPE) (Equation (7)), and the bias (Equation (8)) defined by Pielke [94] and Stauffer and Seaman [95] in order to measure the accuracy of the simulation:
where y i is the predicted value, t i is the target value, and N is the number of analyzed values. MAE, RMSE, and bias are expressed in the same units as the studied variable (m 2 of burned area) whereas MAPE shows the goodness-of-fit as a percentage of the error. Outliers have more effect in RMSE than MAE, therefore it will give more weight to higher difference values. Bias provides information related to the tendency to overestimate or underestimate the target value, quantifying the model systematic error.
Results
Climate Change
In order to establish relationships between predicted burned area and climate change meteorological data, Table 5 shows the average values of P, H, T, and V for the 2000-2014 period and 2071-2100 period in both selected scenarios (RCP4.5 and RCP8.5). These scenarios assume pathways to different target radiative forcing at the end of the 21st century [59] . For example, scenario RCP4.5 figures that an increase in radiative forcing of 4.5 W/m 2 can be produced by the end of the century relative to preindustrial conditions. Both precipitation and humidity remain invariable in the four zones due to their proximity. Future average values for precipitation are always higher than in the last 15 years of historical available data (2000-2014), reaching an average increase around 20% of rainfall, except in the wettest zone of the region (Zone 2) where there is a slight decrease of 3% in the RCP8.5 scenario. Average temperature rises between 2 and 4 • C in RCP4.5 and RCP8.5, respectively, in all zones, except in Zone 2 where the temperature increase is even higher, more than 6 • C in the RCP8.5 scenario. As a result of this overall increase in the region, climatic differences between zones are reduced at the expense of global warming. Another important factor of burned area fire size is wind velocity, which is also increased in all regions an average of 15-25%, especially in northwest-southeast direction due to the mountain ridges in this direction [58] .
Considering that fire conditions are very favorable when FWI > 16 [63, 65] , in Table 6 a comparison is shown between the number of fires in the available data series period (2000-2014) and predicted fires for both future scenarios (RCP4.5 and RCP8.5) in the long-term period (2071-2100). Table 5 . Comparison of average meteorological data between available historical wildfire data from the period 2000-2014 and future climate change scenarios data (RCP4.5 and RCP8.5) during the period (2071-2100) (Py is average yearly rainfall, H is humidity, T is temperature, and V is wind velocity). The results indicate that the number of fires in the future for both scenarios will significantly increase in all zones except Zone 3 and the RCP4.5 scenario, where the number of fires appears to be similar to the number recorded in the 2000-2014 period. However, the RCP8.5 scenario doubles the number of fires per year in all zones, even tripling the number in Zone 4, moving up from an average of 37 fires per year in the period 2000-2014 to 106 fires per year, on average, in the long term (2071-2100). 
Zone Period Py (mm/year) H (%) T ( • C) V (m/s)
Classification of Fires
The effectiveness of ANNs to classify fires in each zone during the studied period was applied to the database described in Section 2 and with the variables shown in Table 2 . The subset of fires larger than 30,000 m 2 (big fires) was extended with the oversampling technique to balance with the fires smaller than 30,000 m 2 (small fires) data subset. The experiments demonstrated the lesser importance of coordinates, altitude, and vegetation in each of the four zones, so these variables were removed in subsequent analysis. AI only showed its relevance in Zone 4, so it was used just for this area. Thus, the variables considered in the study were finally: month, H, T, V, FWI and, in Zone 4, also AI. It is important to note that Precipitation is part of both FWI and AI indices. In order to improve the robustness and stability of results and to reduce bias, five partitions in the dataset were made (50-50%, 60-40%, 70-30%, 80-20%, and 90-10% in training-test, respectively).
The obtained classification accuracy and values of sensitivity and specificity by the ANN classifier for size of wildfire with mentioned partitions are shown in Table 7 . Sensitivity defines the proportion of true positive big fires detected in the total group of real big fires. Actually, it can be considered as the probability of getting a positive test result in big fire datasets. Hence, it relates to the potential of the test to recognize big fires. All regions showed an average sensitivity percentage higher than 60%, even reaching 70% in Zone 3, but in Zone 4 the average reached around 55%. This was likely due to the fact that Zone 4 is the most populated zone (coastal area) of the region and lower values of sensitivity might indicate a greater relevance of anthropogenic causes. The same pattern with higher values, especially in Zone 4, is shown for the specificity measure. It defined the proportion of small fires detected that are really burned fire areas below the threshold of 30,000 m 2 .
Specificity is complementary to sensitivity and provides the probability of a non-big fire in a small fire dataset. In other words, it relates to the aspect of the test's ability to recognize small fires (i.e., to exclude the condition of interest). Specificity in the four zones is around 70%. Finally, the average accuracy of tests in the four zones varies in the range of 60-70%. As Table 6 shows, the higher the training rate is, the better are results achieved for all these measures of evaluation, until the test partition percentage decreases below 20%, where accuracy even exceeds 80% in Zones 2 and 3.
Three matrices of confusion (training-validation-test) were obtained for each zone depending on the partition considered. As a result, 60 matrices of confusion were used in the study. For example, in Figure 5 , the test matrix of confusion for each zone of the region is shown for the 80-20% training-test partition, where along the x-axis the true class labels are listed and along the y-axis are the nearest neighbors' class predictions. Along the first diagonal are the proper classifications, whereas all the other entries show incorrect classifications. The bottom right value indicates the overall accuracy. Class 1 represents fires smaller than 30,000 m 2 of burned surface, and class 2 is the ones larger or equal to 30,000 m 2 . Regarding matrices of confusion, they not only show the measures of accuracy of tests results (Table 7) but also the number of fires within each subset in every partition taken into account, as well as successes and errors in absolute terms, considering the oversampling carried out on the big fire dataset. Figure 5 . Test matrix of confusion for the 80-20% training-test partition in the study region. Class 1 corresponds to fires smaller than 30,000 m 2 (small fires) and class 2 to fires larger than 30,000 m 2 (big fires). Finally, to improve over the hold-out method, 10-fold cross-validation was conducted in the classification study and the results are shown in Table 8 . The average values obtained are in line with the previous goodness-of-fit tests carried out. Zones 1 and 4 results show, on average, 61% and Zones 2 and 3, 74% and 69%, respectively. Notwithstanding this difference, the standard deviation is nearly one-half (around 5%) higher in the former than in the latter, which leads to the consideration of an overall performance of the method around 65% in the region. 
Burned Area Prediction under Climate Change
After having classified wildfires into two main classes (big and small wildfires), an ANN was used to predict fires of burned area equal or larger than 30,000 m 2 . In this case, the dataset was divided into three sections. Sixty percent of the data was used for training purposes, 20% was used for validation, and the remaining 20% was reserved for testing [10] . The variables considered in prediction were M, H, T, V, FWI, and AI. Table 9 shows the results of all metrics considered in each region for all the partitions described. MAE and RMSE values are higher, and relatively similar, in Zones 1 and 4 but total burned areas in these zones are significantly different, practically double that in Zone 4. In fact, the sum of RMSE in the three partitions represents 5.64% and 1.85% of the total wildfire surface for big fires in Zones 1 and 4, respectively. Likewise, Zones 2 and 4 have a similar behavior for the same metrics and similar percentage of sum of RMSE to burned surface, resulting in 3.77% and 3.62% in Zones 2 and 4, respectively, since the burned area in big wildfires in these zones differs by less than 20%. MAPE percentages range from 11% to 43% in the training set and from 19% to 40% in the test set. Zone 3 remains invariable in partitions within the range of 12-20%, whereas the rest of the zones show wider variations, especially Zone 2. Nonetheless, test values do not exceed 40% or even reach around 20% in Zones 1 and 3. Concerning bias, the ANN model tends to underestimate burned surface by around 20% on average for the whole region, though it varies, both overestimating and underestimating, depending on the partition and zone under study.
Burned surface over the long-term period (2071-2100) increases hugely in all zones (Table 10) . Average yearly values are up to 12 times (or even more depending on the climate scenario) higher than recorded wildfires in the period under study (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) (2013) (2014) in Zone 3. Increases of burned surface in the rest of the zones are lower, but they are up to five times higher as is the case of Zone 1. It appears to be a reduction in the variance between zones and a tendency to a homogenization at the regional level except for Zone 4, where, despite being the area most affected by wildfires, burned surface does not increase five-fold in the pessimistic scenario. Concerning seasonal variations ( Figure 6 ), while at the moment risk period generally lasts from March to September with peaks in June (Zones 3-4) or July (Zones 1-2), predicted wildfires in long-term period are mostly confined in the summer season, especially in June and July months, which means that the high-risk period is shortened but total burned surface significantly increases, especially in Zone 1. In fact, big wildfires in autumn and winter are limited to their proximity with spring or summer and are rarely to happen. Zone 4 moves its maximum from June to July, consistent with the rest of the region. The patterns for RCP4.5 and RCP8.5 are rather similar with more pronounced changes in RCP4.5 during the year. 
Discussion
The behavior of wildfires in the studied region is very sensitive to burned surface area. The patterns of fires are strongly linked to meteorological variables depending on burned surface area. The k-means algorithm is capable of establishing the thresholds of all factors taken into account and differentiates the clusters in which fires in each zone can be divided. Wildfires with burned surfaces larger than around 30,000 m 2 account for more than 80% of the total burned area in the dataset period (2000) (2001) (2002) (2003) (2004) (2005) (2006) (2007) (2008) (2009) (2010) (2011) (2012) (2013) (2014) and appear to be in all zones as the threshold that makes the difference between small and big fires. Small fire clusters do not follow a clearly identifiable pattern with used techniques, but the ANN method proved satisfactory results in wildfires with burned surfaces greater than 30,000 m 2 .
Analysis of climatic, ecological, and geographical variables carried out by an ANN reject geographical and ecological factors' influence in big fires, possibly due to little change in ecosystems in the four zones, albeit local variations of forests of pine alternated with areas covered in scrub, bush, and grassland in proportions greater than 20%, especially in coastal areas. Furthermore, an extension of 11,314 km 2 with geographic coordinates in a range of 1 • of latitude (between 38 • 45 N and 37 • 23 N) and less than 2 • of longitude (between 0 • 41 W and 2 • 21 W) and a topography whose valleys and plains account for 75% of the total region has a reduced impact on burned surface. Therefore, the variables finally used in this study were precipitation, relative humidity, wind speed, temperature, and the weather fire indices FWI and AI, though the latter, in the ANN classification, only influences Zone 4 as it had already been reflected in the previous study of Pérez-Sánchez et al. [58] , owing to higher yearly maximum temperatures in southern areas.
Increase in precipitation around 20% in both climate change scenarios will not by itself reduce the total burned surface because a rising temperature of 3 • C, on average, cannot be compensated with regard to ignition and fire spreading. Furthermore, wind velocity proves to be a relevant factor as it was suggested by Özbayoglu and Bozer [10] . An increase of 15-25% in wind speed, apart from increasing temperature, leads to double the number of fires per year in all zones and even to triple in Zone 4, where the increase of temperature is maximum, around 4 • C in the RCP8.5 scenario.
The performance of ANNs in classifying the size of fires was assessed using different partitions in training-test datasets (from 50-50% to 90-10% in training-test, respectively). Furthermore, various evaluation criteria were also used, providing more robustness and accuracy to results obtained. The higher the training rate is, the better are the results achieved for all measures of evaluation, until the test partition percentage decreases below 20%, though accuracy even exceeds 80% in Zones 2 and 3 at the expense of greater variance. ANN classification showed good sensitivity, specificity, and accuracy in all zones reaching percentages between 60% and 70%. Likewise, 10-fold cross-validation results were in line with previous goodness-of-fit tests, leading to an overall performance of the classifying method around 65% in the region. Burned surface prediction by ANNs show a significantly increase of burned area under both climate change scenarios. In fact, the straightforward view of a warming climate affecting fire regimes is supported by scientific literature [96] , finding wide agreement of projections of increased area burned [97] of up to two-to five-fold increases in annual area burned under a moderate warming scenario [98] . In the region under study, yearly average predicted burned surface depends both on the climate scenario and on the zone, and it ranges from four times (Zone 4) to 12 times (Zone 3) higher than datasets recorded for the period 2000-2014. Statistics indicate that the error in burned surface prediction is below 40%, and it is generally underestimated around 20%, which may lead to worse consequences than expected. Nevertheless, the highest risk season is shortened to late spring and summer, and an overall reduction in fire cycles is predicted, as suggested by Westerling et al. [99] .
Conclusions
The prediction of the size of a fire is especially important in the allocation of resources in each fire. Wildfires larger than 30,000 m 2 in the study area in southern Spain represent only 6% of the entire record for 2000-2014, but they account almost 90% of the total burned area, thus the prediction and evolution of these 'big' fires are a key issue in firefighting. ANNs were applied both in classifying the size of fires and predicting burned surface with good performance in all zones in the studied region.
The results indicate that the estimation process was always above 60%, reaching more than a 70% success rate in the central area. General warming of 3 • C and an increase of 20% in wind speed in the long-term period (2071-2100) will result in three times the number of fires and a significant increase of yearly average burned surface up to 12 times depending on the zone and the climate change scenario, though the high-risk season is shortened. These estimates do not take into account anthropogenic changes (land use activities, fire management, or public awareness) which could influence areas burned. The methodology used can be applied in semi-arid regions with similar case studies in order to assess the adequacy of staff and equipment in the control of forest fires.
